Interpretation of medical images for diagnosis and treatment of complex disease from highdimensional and heterogeneous data remains a key challenge in transforming healthcare. In the last few years, both supervised and unsupervised deep learning achieved promising results in the area of medical imaging and image analysis. Unlike supervised learning which is biased towards how it is being supervised and manual efforts to create class label for the algorithm, unsupervised learning derive insights directly from the data itself, group the data and help to make data driven decisions without any external bias. This review systematically presents various unsupervised models applied to medical image analysis, including autoencoders and its several variants, Restricted Boltzmann machines, Deep belief networks, Deep Boltzmann machine and Generative adversarial network. Future research opportunities and challenges of unsupervised techniques for medical image analysis have also been discussed.
Introduction
Medical imaging techniques, including magnetic resonance imaging (MRI), positron emission tomography (PET), computed tomography (CT), mammography, ultrasound, X-ray and digital pathology images, are frequently used diagnostic system for the early detection, diagnosis, and treatment of various complex diseases (Wani & Raza, 2018) . In the clinics, the images are mostly interpreted by human experts such as radiologists and physicians. Because of major variations in pathology and the potential fatigue of human experts, scientists and doctors have started using computer-assisted interventions. The advancement in machine learning techniques, including deep learning, and availability of computing infrastructure through cloud computing, have given fuel to the field of computer-assisted medical image analysis and computer-assisted diagnosis (CAD). Deep learning is about learning representations, i.e, learning intermediate concept or features which are important to capture dependencies from input variables to output variables in supervised learning, or between subsets of variables in unsupervised learning. Both supervised and unsupervised machine learning approaches are widely applied in medical image analysis; each of them has their own pros and cons. Some of widely used supervised (deep) learning algorithms are Feedforward Neural Network (FFNN), Recurrent Neural Network (RNN), Convolutional Neural Network (CNN), Support Vector Machine (SVM) and so on (Jabeen et al., 2018) . There are many scenarios where human supervisions are unavailable, inadequate or biased and therefore, supervised learning algorithm cannot be directly used. Unsupervised learning algorithms, including its deep architecture, give a big hope with lots of advantages and have been widely applied in several areas of medical and engineering problems including medical image analysis.
This chapter presents unsupervised deep learning models, its applications to medical image analysis, list of software tools/packages and benchmark datasets; and discusses opportunities and future challenges in the area.
Why Unsupervised Learning?
In the majority of machine learning projects, the workflow is designed in a supervised way, where the algorithm is guided by us what to do and what not to! In such supervised architecture the potential of the algorithms are limited in three ways, (i) A huge manual effort to create labels and (ii) Biases related to how it is being supervised, which probabilities the algorithm to think for other corner cases during problem solving, and (iii) Reduce the scalability of target function at hand.
To intelligently solve these issues, unsupervised machine learning algorithm can be used. Unsupervised machine learning algorithms not only derives insights directly from the data and group the data, but also uses these insights for data-driven decisions making. Also, unsupervised models are more robust in the sense that they act as a base for several different complex tasks where these can be utilized as the holy grail of learning and classification. In fact, the classification is not the only task that we do; rather, other tasks such as compression, dimensionality reduction, denoising, super resolution and some degree of decision making are also performed. Therefore, it is rather more useful to construct a model without knowing what tasks will be at hand and we will use representation (or model) for. In a nutshell, we can think of unsupervised learning as preparation (preprocessing) step for supervised learning tasks, where unsupervised learning of representation may allow better generalization of a classifier (Jabeen et al., 2018) .
Taxonomy of Unsupervised Learning Tasks
In unsupervised learning, we group the unlabeled data set on the basis of underlying hidden features. By grouping data through unsupervised learning, at least we learn something about raw data.
Density estimation
Density estimation is one of the popular categories of unsupervised learning which discovers the intrinsic feature and structure of large and complex unlabeled data set via another nonprobabilistic approach. Density estimation is a non-parametric method which doesn't possess much restriction and distributional assumption unlike parametric estimation.
Estimation of univariate or multivariate density function without any prior functional assumptions get almost limitless function from data. There are some widely used nonparametric methods of estimation.
Kernel density estimation
Kernel density estimation (KDE) uses statistical model to produce a probabilistic distribution that resembles an observed variable as a random variable. Basically, KDE is used for data smoothing, exploratory data analysis and visualization. A large number of kernels have been proposed, namely normal Gaussian mixture model and multivariate Gaussian mixture model. Some of the advantages of Kernel density estimation are:
o No need for model specification (data speaks itself).
o Estimation converges to any density, shape with sufficient sample.
o Easily generalizes to higher dimension.
o Densities are multivariate and multimodal with irregular cluster shape.
Histogram density estimation
Histogram based technique mainly adds smoothness of the density curve of reconstruction which can be optimized by kernel parameters and closely related to KNN density estimation algorithm (Bishop et al., 2006) .
Dimensionality reduction
Why dimensionality reduction? There has been a tremendous increase in deployment of sensors and various imaging technique's which are being used in industry and medical diagnosis continuously record data and store it to be analyzed later. Lots of redundancy or noises are present initially when data are captured. For example, let us take a case of a patient having bone fracture. Initially doctors suggested for X-ray images which is a 2D/3D imaging, but when they do not find it helpful in diagnosis, then a CT scan and/or MRI (magnetic resonance imaging) may be taken which gives more detailed results for further right diagnosis. Now assume that an analyst sits with all this data to analyze and identified all important variables/dimensions which have most significant information's and left all unwanted parts of data. This is the problem of high unwanted dimension removal and needs treatment of dimension reduction. Dimension reduction is the process of reducing higher dimension data set into a lesser dimension, ensuring that final reduced data must convey equivalent information concisely.
Let's look at figure shown below. It shows two-dimensional x and y which are measurement of several objects in cm (x 1 ) and inches (y 1 ), if you continue to use both dimensions in machine learning problems it will introduce lots of noise in the system. So, it is better to just use one-dimension (z 1 ) and they will convey similar information. There are some common methods to perform dimensionality reduction:
Factor analysis
Some variables in given data are highly correlated. These variables can be grouped on the basis of their correlations. This means a particular group can have highly correlated variable, but have low correlation with variables of other groups. Each group represents single inherent construct or factor. As compared to data having large number of dimensions, these factors are small in number, while these factors are difficult to find. There are two methods for doing factor analysis: (i) Exploratory Factor Analysis, (ii) Confirmatory Factor Analysis
Principal component analysis
A set of variables, which are linear combination of the original set of variables, performs higher dimensional space mapped to lower dimensions in such a way that variance of data in lower dimensional space is maximized. These new set of variables is known as principle components.
Let's consider a situation of two-dimensional data set, there can be only two principal components, first principal component is the most possible variation of original data and second principal component is orthogonal to the first principal component, as shown in Fig.  2 .
Fig. 2 Principle components on a two-dimensional data
In practice, a simple principal component analysis (PCA) can be used to construct the covariance or correlation matrix of the data and compute the eigenvectors. The eigenvectors correspond to the largest eigenvalues (principal component) are used to reconstruct a large fraction of variance of original data. As a result, it is left with lesser number of eigenvector and original space has been reduced. There might be chances of loss of data, but it is retained by most important eigenvectors.
Consider a matrix U(m) which stored empirical mean of input matrix R,
, where e is a unitary vector matrix of size N. Finally, the mean square error (E 2 ) is calculated in which smallest eigenvalues are removed,
The trace(A) is the sum of all eigenvalues. Simple PCA is not capable of constructing nonlinear mapping, however, can implement nonlinear classification by using kernel techniques.
Kernel PCA
Kernel PCA is a nonlinear extension of conventional PCA, which is designed for dimensionality reduction of nonlinear subspaces depending on magnitude of input data and problem setup. In medical image analysis, hybrid kernel PCA is frequently used to get better results in unsupervised deep learning training model. Fischer et al. (2017) proposed an unsupervised deep learning illumination invariant kernel PCA, which is applied to each patch of respiratory signal extraction from X-ray fluoroscopy images leading to a set of lowdimensional embedding.
A kernel PCA comprised a kernel matrix K and kernel function k(.) is a Mercer kernel (Minh et al. 2006) , defined as 
where λ {i} is eigenvalues and e {i} is eigenvectors of K; T is the number of training sample x to the principal component "i". Fischer et al. (2017) analyzed different methods like PCA, KPCA and Multi-Resolution PCA to Diaphragm tracking correlation coefficient between different versions of the same sequence and agreed that Multi-Resolution PCA produce the best result among most of the parameters. Principal component analysis network (PCANet) is a simple network architecture and one of the benchmark frameworks (Chan et al. 2015) for the unsupervised deep learning in recent time. However, Shi et al. (2017) propose an encoding as C-RBH-PCANet which is improved PCANet to effectively integrate the color pattern extraction and random binary hashing method for learning feature from color histopathological images.
Clustering
Clustering is an unsupervised classification of unlabeled data (patterns, data item or feature vectors) into similar groups (clusters) (Fig. 3) . Cluster analysis is explanatory in nature to find structure in data (Jain, 2008) . Some model of clustering includes semi-supervised clustering, ensemble clustering, simultaneous feature selection and large-scale data clustering were emerging as a hybrid-clustering. It involves analysis of multivariate data and applied in various scientific domains where clustering technique is utilized, such as machine learning, image analysis, bioinformatics, pattern recognition, computer vision and so on. Clustering algorithm is broadly divided into two groups: hierarchal clustering and partitional clustering, as described below.
Hierarchical clustering
Hierarchical clustering algorithms find clusters recursively (using previously established cluster). These algorithms can be either in the agglomerative mode (bottom-up) in which begin with each element as a separate cluster, merge the most similar pair of clusters successively into large clusters, or in divisive (top-down) mode which begin with all elements in one cluster, recursively divide into smaller clusters. A hierarchical clustering algorithm yields a dendrogram representing group of patterns and similarity level (Jain et al., 1999) . A detailed discussion can be found in Jain et al. (1999) .
Partitional (k-means) clustering
One of the most popular partitioning clustering algorithms is k-means. In spite of several clustering algorithms published in over 50 years, k-means is still widely used (Jain, 2010) .
The most frequently used functions in partitional clustering is squared error criterion, which applied to isolate and compact clusters. Let X = {x i : i = 1, 2, 3, …. N} be the set of n ddimensional elements clustered into set of K clusters as C = {c k : k = 1, 2, 3,…K}. To find partitions, squared error between empirical mean of a cluster and elements in the cluster is minimized. Let µ k be the mean of the cluster (c k ), the squared error between mean and elements in a cluster is defined as:
The main objective of K-means is to minimize the sum of squared error for all k clusters (Drineas et al., 1999) .
Minimizing objective function is an NP-hard problem even for k = 2. Thus, k-means is a greedy algorithm and it can only be expected to converge to local minima.
Unsupervised deep learning models
This section introduces a formal introduction of unsupervised deep learning concepts, models and architectures that are used in medical image analysis. The unsupervised deep learning models can be roughly classified as shown in Fig. 4 . 
Auto-encoders and its variants
In the literature, autoencoders and its several variants are reported and are being extensively applied in medical image analysis.
Autoencoders and Stacked autoencoder
Autoencoders (AEs) (Bourlard et al., 1988) are simple unsupervised learning model consist single-layer neural network that transforms the input into a latent or compressed representation by minimizing the reconstruction errors between input and output values of the network. By constraining the dimension of latent representation (may be from different input) it is possible to discover relevant pattern from the data. AEs framework defines a feature to extract function with specific parameters . Basically, AEs are trained with specific function f Ɵ is called encoder and h = f Ɵ (x) is feature vector or representation from input x, another parameterized function g Ɵ called decoder, producing input space back from feature space. In short, basic AEs are trained to minimize reconstruction error in finding a value of parameter , given by,
This minimization optionally followed by a non-linearity (most commonly used for encoder and decoder) as given by,
Unsupervised deep learning models
where S f and Sg are encoder and decoder activation function (normally, sigmoid, hyperbolic tangent or an identity function), respectively; parameters of model = {W, b, W', d}, where W and W' are encoder decoder weight matrices, and b and d are encoder and decoder bias vector, respectively. Moreover, regularization or sparsity constraints may be applied in order to boost the discovery process. In case, hidden layer has the same input as the input layer, and no any non-linearity is added, the model would simply learn an identity function. . To obtain good parameters, SAE uses greedy layer-wise training. The benefit of SAE is that it can enjoy the benefits of deep network, which has greater expressive power. Furthermore, it usually captures a useful hierarchical grouping of the input (Shin et al., 2013) .
Denoising autoencoder
Denoising autoencoder (DAEs) is another variant of the auto-encoder. Denoising investigated as a training criterion for learning to constitute better higher-level representation and extract useful features (Vincent et al. 2010) . DAEs prevent the model from learning a trivial solution (Litjens G. et al., 2017) where the model is trained to reconstruct a clean input from the corrupted version from noise or another corruption. his is done by corrupting the initial input x into x by using a stochastic function x ~ q D x x . The corrupted input is then mapped to a hidden representation y = f Ɵ (x ) = s(W x + b) and reconstruct z = g Ɵ' (y). A schematic representation of DAE is shown in Fig.5 (c). Parameter and are initialized randomly and trained using stochastic gradient descent in order to minimize average reconstruction error. The denoising autoencoders continue minimizing same reconstruction loss between clean X and reconstruction from Y. This continues maximizing a lower bound on the mutual information between input x and representation y, and difference is obtained by applying mapping f Ɵ to a corrupted input. Hence, such learning is cleverer than the identity, and it extracts features useful for denoising.
Stack denoising autoencoder (SDAE) is a deep network utilizing the power of DAE (Bengio et al., 2007; Vincent et al., 2010) and RBMs in the deep belief network (Hinton & Salakhutdinov, 2006; Hinton et al., 2006) .
Sparse autoencoder
The limitation of autoencoders to have only small numbers of hidden units can be overcome by adding a sparsity constraint, where a large number of hidden units can be introduced usually more than one input. The aim of sparse autoencoder (SAE) is to make a large number of neurons to have low average output so that neurons may be inactive most of the time.
Sparsity can be achieved by introducing a loss function during training or manually zeroing few strongest hidden unit activations. A schematic representation of SAE is shown in Fig.  5(d) .
If the activation function of hidden neurons is a j , the average activation function of each hidden neuron j is given by
The objective of sparsity constraints is to minimize so that , where is a sparsity constraint very close to 0 such as 0.05.
To enforce sparsity constraints, a penalty term is added to cost function which penalizes ̂ , de-weighting significantly from . The penalty term is the Kullback-Leibler (KL) divergence between Bernoulli random variables, can be calculated as (Ng, 2013; Makhzani & Frey, 2013) ,
where is number of neurons in the hidden layers,and index is summing over the hidden units in the network.
The property of penalty function is that ( ̂ ) , if ̂ , otherwise it increases gradually as ̂ diverses for .
The k-sparse autoencoder (Makhzani & Frey 2013 ) is a form of sparse AE where k neurons having the highest activation function are chosen and the rest is ignored. The advantage of ksparse AE is that they allow better exploration on a data set in terms of percentage activation of the network. The advantage of SAE is the sparsity constraints which penalize the cost function and as a result degrees of freedom is reduced. Hence, it regularizes and maintains the complexity of the network by preventing over-fitting.
Convolutional autoencoder
The most popular and widely used network model in deep unsupervised architecture is stacked AE. Stacked AE requires layer-wise pre-training. When layers go deeper during the pre-training process, it may be time consuming and tedious because of stacked AE is built with fully connected layers. Li et al. (2017) propose first trial to train convolutional directly an end-to-end manner without pre-training. Guo et al. (2017) suggested convolutional autoencoder (CAE) that is beneficial to learn feature for images and preserving the local structure of data and avoid distortion of feature space. A general architecture of CAE is depicted in Fig. 5(c) . 
Variational autoencoder
Another variant of autoencoder, called variational autoencoder (VAE), was introduced as a generative model (Kingma &Welling, 2013) . A general architecture of VAE is given in Fig. 4(f) . VAEs utilize the strategy of deriving a lower bond estimator from the directed graphical models with continuous distribution of latent variables. he generative parameter θ in the decoder (generative model) assist the learning process of the variational parameter, ϕ as encoder in the variational approximation model. VAEs apply the variational approach to latent representation, learning as additional loss component training estimators, known as stochastic gradient variational Bayes (SGVB) and Autoencoding variational Bayes (AEVB) (Kingma & Welling, 2013) . It Optimizes the parameter ϕ and θ for probabilistic encoder q ϕ (z|x), which is an approximation to the generative model p θ (x, z), where z is latent variable and x is continuous or discrete variable. Its aim is to maximize the probability of each x in the training data set under entire generative process. However, alternative configuration of generative latent variable modeling rises to give deep generative models (DGMs) instead of existing assumption of symmetric Gaussian posterior (Partaourides at el., 2017).
Contractive autoencoder
Rifai (2011) presented a novel approach for training deterministic autoencoder. Contractive autoencoder is additional of explicit regularizer in the objective function that enables the model to learn a function having slight variations of input values. This additional regularizer corresponds to the squared Forbenius norm of the Jacobian matrix of given activation with respect to the input. The contractive autoencoder is obtained with the regularization term in following equation yield final objective function,
The difference between contractive AE and DAE stated by (Vincent et al., 2010) as contractive AE explicitly encourage robustness of representation, whereas DAE stressed on the robustness of reconstruction this property make sense of contractive AE a better choice than DAEs to learn useful feature extraction. Table 1 presents a summary of autoencoders and its variants, and Table  2 presents its applications for medical image analysis. Guo et al. (2017) Variational autoencoder A generative model utilizing strategy of deriving a lower bond estimator from directed graphical models with continuous distribution of latent variables. Kingma & Welling (2013) Contractive autoencoder Forces encoder to take small derivatives Rifai et al. (2011) 
Restricted Boltzmann Machines
Restricted Boltzmann Machines (RBMs) are a variant of Markov Random Field (MRF), constitute of single layer undirected graphical model with an input layer or visible layer x = (x 1 , x 2 ...... x N ) and a hidden layer h = {h 1 , h 2 , …. H M }. The connection between nodes/units are bidirectional, so each given input vector x can take the latent feature representation h and viceversa. An RBM is a generative model which learns probability distribution over the given input space and generates new data point ). Illustration of a typical RBM is shown in Fig. 6(a) . In fact, RBMs are restricted version of Boltzmann machines where neurons must form an arrangement of bipartite graphs. Due to this restriction, pairs of nodes belonging to each of the visible and hidden nodes have a symmetric connection between them, and nodes within a group have no internal connections.. This restriction makes RBM more efficient training algorithm than the general case of Boltzmann machine. Hinton et al. (2010) proposed a practical guide to train RBMs.
RBMs have been utilized in various aspects of medical image analysis such as detection of variations in Alzheimer disease (Brosch, et al. 2013 ), image segmentation ), dimensionality reduction (Cheng et al. 2016) , feature learning (Pereira et al. 2018 ) and so on. A brief account for the application of RMBs in medical image analysis is shown in Table 3 . 
Deep Belief Networks
Deep Belief Networks (DBN) is a kind of neural network proposed by Bengio (2009) . It is a greedy layer-wise unsupervised learning algorithm with several layers of hidden variables (Hinton et al., 2016) . Layer-wise unsupervised training (Bengio 2007) Fig. 6(b) , illustrates the structure of DBN. The following function in DBN represents the joint distribution of visible unit v, hidden layers h l (l = 1, 2…. L :
Hinton at el. (2006a) applied layer-wise training procedure, where lower layers learns lowlevel features and subsequently higher layers learns high-level features (Hinton at el. 1995) . DBN are used to extract features from fMRI images (Plis et al., 2014) , temporal ultrasound (Azizi et al. 2016) , classify Autism spectrum disorders (Aghdam et al. 2018) , and so on. Some of the applications of DBNs are presented in Table 4 . Autism spectrum disorders (ASDs) in children using rs-fMRI and sMRI data on the basis of Random Neural Network clustering. Aghdam et al. (2018) 
Deep Boltzmann Machine
Deep Boltzmann machine (DBM) is a robust deep learning model proposed by Salakhutdinov et al. (2009) and Salakhutdinov et al. (2012) . They stacked multiple RBMs in a hierarchal manner to handle ambiguous input robustly. Fig. 6(c) represents the architecture of DBM as a composite model of RBMs which clearly shows how DBM differ from DBN. Unlike DBNs, DBMs form undirected generative model combining information from both lower and upper layers which improves the representation power of DBMs. Training of layer-wise greedy algorithm for DBM (Salakhutdinov et al., 2015; Goodfellow et al., 2013b ) is calculated by modifying in procedure of DBN.
Recently, a three-layer DBM was presented by Salakhutdinov et al. (2015) and Dinggang et al. (2017) . In this three-layer DBM, to learn parameters * + the values of neighbour layer(s) and probability of visible and hidden units are computed using logistic sigmoidal function. The derivative of log likelihood of the observation ( ) with respect to the model parameter( ) is computed as, Cao, et al., (2014) 
Generative Adversarial Network (GAN)
Generative Adversarial Network (GAN) (Goodfellow, et al. 2014 ) is one of recent promising technique for building flexible deep generative unsupervised architecture. Goodfellow et al. (2014) proposed two models generative model G and Discriminative model D, where G capture data distribution (p g )over real data t, and D estimates the probability of a sample coming from training data (m) not from G. In every iteration, backpropagation generator and discriminator competing with each other. The training procedure the probability of D is maximized. This framework functions like a mini-max two-player game. The value function V(G, D) establishes following two-player mini-max game is given by,
Where D(t) represents the probability of t from data m and p data is distribution of real-world data. This model seems to be stable and improved as p g = p data . A typical architecture of GAN is depicted in Fig. 6(d) . In fact, these two adversaries, Generator and Discriminator, continuously battle during the processing of training. GAN have been applied to generate samples of photorealistic images to visualize new designs. Some of the applications of GAN for medical image analysis are presented in Table 6 . Bi, et al., (2017) 
List of software tools/packages and benchmark datasets
A plethora of software tools and packages implementing unsupervised learning models (as discussed in the paper) has been developed and made available to the research community and data analysts. Some of the tools/packages and medical images benchmark datasets are listed in Table 7 and Table 8 , respectively. Medical imaging and diagnostic techniques are one of the most widely used for early detection, diagnosis and treatment of complex diseases. After significant advancement in machine learning and deep learning (both supervised and unsupervised), there is a paradigm shift from the manual interpretation of medical images by human experts such as radiologists and physicians to an automated analysis and interpretation, called computer-assisted diagnosis (CAD). As unsupervised learning algorithms can derive insights directly from data, use them for data-driven decisions making, and are more robust, hence they can be utilized as the holy grail of learning and classification problems. Furthermore, these models are also utilized for other important tasks including compression, dimensionality reduction, denoising, super resolution and some degree of decision making.
Unsupervised learning and CAD, both being in its infancy, researchers and practitioners have much opportunity in this area. Some of them are: (i) Allow us to perform exploratory analysis of data (ii) Allow to be used as preprocessing for supervised algorithm, when it is used to generate a new representation of data which ensure learning accuracy and reduces memory time overheads. (iii) Recent development of cloud computing, GPU-based computing, parallel computing and its cheaper cost allow big data processing, image analysis and execute complex deep learning algorithms very easily.
Some of the challenges and research directions are:
(i) Difficult to evaluate whether algorithm has learned anything useful: Due to lack of label in unsupervised learning, it is nearly impossible to quantify its accuracy. For instance, how can we access whether K-means algorithm found the right clusters? In this direction, there is a need to develop algorithms which can give an objective performance measure in unsupervised learning.
(ii) Difficult to select right algorithm and hardware: Selection of right algorithm for a particular type of medical image analysis is not a trivial task because performances of the algorithm are highly dependent on the types of data. Similarly, hardware requirement also varies from problem to problem.
(iii) Will unsupervised learning work for me? It is mostly asked question, but its answer totally depends on the problem at hand. In image segmentation problem, clustering algorithm will only work if the images do fit into naturals groups.
(iv) Not a common choice for medical image analysis: Unsupervised learning is not a common choice for medical image analysis. However, from literature it is revealed that these (autoencoders and its variants, DBN, RBM, etc.) are mostly used to learn the hierarchy level of features for classification tasks. It is expected that unsupervised learning will play pivotal role in solving complex medical imaging problems which are not only scalable to large amount of unlabeled data, but also suitable for performing unsupervised and supervised learning tasks simultaneously (Yi et al., 2018) .
(v) Development of patient-specific anatomical and organ model: Anatomical skeletons play crucial role in understanding diseases and pathology. Patient-specific anatomical model is frequently used for surgery and interventions. They help to plan procedure, perform measurement for device surging, and predict the outcome of post-surgery complexities. Hence, the algorithm needs to be developed to construct patient-specific anatomical and organ model from medical images.
(vi) Heterogeneous image data: In the last two to three decades, more emphasis was given to well-defined medical image analysis applications, where developed algorithms were validated on well-defined types of images with well-defined acquisition protocol. The algorithms are required, which can work on more heterogeneous data.
(vii) Semantic segmentation of images: Semantic segmentation is task of complete scene understanding, leading to knowledge inference from imagery. Scene understanding is a core of computer vision problems which has several applications, including human-computer interaction, self-driving vehicles, virtual reality, and medical image analysis. The semantic segment of medical images with acceptable accuracy is still challenging.
(viii) Medical video transmission: Enabling 3D video in recently adopted telemedicine and U-healthcare applications result in more natural viewing conditions and better diagnosis. Also, remote surgery can be benefited from 3D video because of additional dimensions of depth. However, it is crucial to transmit data-hungry 3D medical video stream in real-time through limited bandwidth channels. Hence, efficient encoding and decoding techniques for 3D video data transmission is required.
(ix) Need extensive inter-organizational collaborations: Inter-professional and interorganizational collaboration is important for better functioning of the health care system, eliminating some of the pitfalls such as limited resources, lack of expertise, aging populations, and combat chronic diseases (Karam et al., 2017) . Medical image based CAD needs extensive inter-organizational collaborations among doctors, radiologists, medical image analysts, and computational data analysts.
(x) Need to capitalize big medical imaging market: According to IHS Markit report (https://technology.ihs.com.), medical imaging market has total global revenue of $21.2 billion in 2016, which is forecasted to touch $24.0 billion by 2020. According to WHO, global population will rise from 12% to 22% from 2015 to 2050. Population aging lead to increased rate of chronic diseases globally and hence there is a need to capitalize a big medical imaging market worldwide.
(xi) Black-box and its acceptance by health professionals: Machine learning algorithms are boon which solves the problems earlier thought to be unsolvable, however, it suffers from being "black-box", i.e., how output arrives from the model is very complicated to interpret. Particularly, deep learning models are almost non-interpretable and but still being used for complex medical image analysis. Hence, its acceptance by health professionals is still questionable.
(xii) Will technology replace radiologists? For the processing of medical images, deep learning algorithms help select and extract important features and construct new ones, leading to new representation of images, not seen before. For image interpretation side, deep learning helps identify, classify, quantify disease patterns, allow measure predictive targets, and make predictive models, and so on. So, will technology "replace radiologists", or migrate to "virtual radiologist assistant" in near future? Hence, following slogan is quite relevant in this context: "Embrace it, it will make you stronger; reject it, it may make you irrelevant".
In a nutshell, unsupervised learning is very much open topic where researchers can make contributions by developing a new unsupervised method to train how network (e.g. Solve a puzzle, generate image patterns, image patch comparison, etc.) and re-thinking of creating a great unsupervised feature representation, (e.g. What is the object and what is the background?), nearly analogous to the human visual system.
Conclusion
Medical imaging is one of the important techniques for early detection, diagnosis and treatment of complex diseases. Interpretation of medical images is usually performed by human experts such as radiologists and physicians. After the success of machine learning techniques, including deep learning, availability of cheap computing infrastructure through cloud computing, there has been a paradigm shift in the field of computer-assisted diagnosis (CAD). Both supervised and unsupervised machine learning approaches are widely applied in medical image analysis, each of them with their own pros and cons. Due to the fact that human supervisions are not always available or inadequate or biased, therefore, unsupervised learning algorithms, including its deep architecture, give a big hope with lots of advantages.
Unsupervised learning algorithms derive insights directly from data, and use them for datadriven decisions making. Unsupervised models are more robust and they can be utilized as the holy grail of learning and classification problems. These models are also used for other tasks including compression, dimensionality reduction, denoising, super resolution and some degree of decision making. Therefore, it is better to construct a model without knowing what tasks will be at hand and we would use representation (or model) for. In a nutshell, we can think of unsupervised learning as preparation (preprocessing) step for supervised learning tasks, where unsupervised learning of representation may allow better generalization of a classifier.
